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Abstract
Accurate state of charge (SOC) estimation in rechargeable batteries is always a chal-
lenge since many parameters can affect the SOC of the battery. Amongst all the
developed methods for SOC estimation, Coulomb counting has been one of the most
common and traditional methods. Nevertheless, the accuracy of this method is de-
batable. It was assumed that Coulomb counting can accurately estimate SOC by as-
suming the battery capacity and initial SOC. In this thesis, we analyze the Coulomb
counting method thoroughly and we showed that this method is susceptible uncer-
tainties. The sources of uncertainties that affect Coulomb counting accuracy are: (i)
current measurement error; (ii) current integration approximation error; (iii) battery
capacity uncertainty; and the (iv) timing oscillator error/drift. The SOC error due to
all these uncertainties can be categorized into two forms; time-cumulative and SOC-
proportional. The time-cumulative error increases over time and can invalidate SOC
estimation by Coulomb counting. The SOC-proportional error increase with the ac-
cumulated SOC and it can affect SOC accuracy within one cycle of charge/discharge.
A simulation analysis is presented to demonstrate and verify the effect of these un-
certainties under several realistic scenarios. We also have discussed the approaches
to reduce these uncertainties.
v
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It goes without saying that nowadays in order to reduce green house gas emission and
to find more sustainable energy storage systems, rechargeable batteries are playing a
pivotal role. It’s safe to state that the most popular rechargeable batteries are Li-ion
batteries. Li-ion batteries can be used in a variety of applications such as smart-
phones, electric vehicles (EV), emergency power backup and aerospace applications
due to their high specific energy, long life cycle and low self-discharge. In order to
ensure the safety, efficiency, and reliability of a battery storage system, a battery man-
agement system (BMS) is required. A BMS is using many parameters of the battery
to estimate its states. These parameters include the current and voltage as well as the
equivalent circuit model (ECM) parameters of the battery. An accurate estimation
of those parameters is important to the proper function of a BMS. States of the bat-
tery include the State of Charge (SOC), State of Health (SOH), Time to Shut Down
(TTD) and Remaining Useful Life (RUL). Accurate analysis of all these parameters
will give the user a better experience with the battery in all the applications since
the realization of the amount of energy that is left in the battery is important.
1
1.1 Battery Management Systems
A battery management system is responsible for estimating the states of the batteries
along with providing an optimal algorithm for charging as well as balancing cells of a
battery pack in some applications. A block diagram of the BMS is shown in Figure
1.1. The Optimal charging algorithm (OCA) is responsible to charge the battery
efficiently at a reasonable pace without compromising the health of the battery. The
other component of the BMS is cell balancing circuitry (CBC) which is responsible
for balancing the states of each individual cell in a battery pack since the cells be-
come uneven over time and a battery pack is only as good as the weakest cell. Thus,
a battery pack with imbalanced cells is not going to work optimally. The last but
certainly not the least component of the BMS is battery fuel gauge (BFG) which
is responsible for estimating the battery states including SOC and SOH by charac-
terizing the battery model using the data that has been collected offline in different
temperatures [1].
Current mass-produced BMS device has a reasonable accuracy which makes them
perfect for small devices such as smartphones and smartwatches. It’s safe to say that
based on the battery usage and the capacity of the battery in these applications, the
estimation of the states of the battery has enough accuracy. However, in the more
critical applications of batteries such as EVs, estimation of the states of the battery
need to be more accurate in a real-life situation since there are lots of variation in
charging and discharging parameters that can lead to decreasing the accuracy of the
estimated state which can be problematic in these applications of the batteries. It’s
easy to overcharge and discharge the battery cells in EVs application and this can
result in permanent damage to the internal structure of the cells.
The BMS is not only responsible for estimating the states of the battery, but also
it precludes the battery from getting over-discharge/charge as well as assuring the
safety of the battery from any hazardous situation during all operational conditions.
2
Figure 1.1: Battery management system (BMS). Battery fuel gauge (BFG),
cell balancing circuitry (CBC), and optimal charging algorithm (OPA) are the three
paramount components of a BMS.
Having more accurate BMS would also make the battery run as efficient as possible
and this would prolong the life of the battery itself especially in an electric vehicle
since the battery module is a costly part to replace.
1.2 Battery Fuel Gauge
In order to have an efficient and effective battery usage experience, we need to have
an accurate estimation of the SOC of the battery since we don’t want to experience
running out of battery in the middle of a task in our smartphones and laptop or even
in a more serious scenario, stuck in the middle of nowhere in our electric vehicle (EV)
and the BFG is mainly responsible for that. Out of all three components of the BMS,
BFG is the most important element since neither CBC nor OCA can work properly
without the accurate data that has been collected by the BFG.
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Figure 1.2 shows a diagram of the BFG which is a demonstration of all the
steps that are being done in a BFG. The offline data is being used in a BFG which
can result in offline parameter estimation including SOC-OCV characterization and
Capacity/power-fade characterization. The next step in BFG is the estimation of the
battery capacity as well as the equivalent circuit model (ECM) and it’s being followed
by estimating the SOC and SOH of the battery. By having the SOC and SOH of the
battery, a prediction of the TTS and RUL of the battery is going to be done in a
BFG as well.
Figure 1.2: Battery fuel gauge. A full diagram of the BFG [2].
SOC estimation is playing a similar role in battery applications as the fuel gauge
in internal combustion engine vehicles but unlike the fuel gauge, estimating the SOC
is very difficult since we are dealing with lots of direct and indirect parameters in-
side of the battery [3] [4]. Several techniques can be found in the literature for SOC
estimations. Those methods are including open loop methods (Open Circuit Volt-
age(OCV), Coulomb Counting (CC),etc.) [5] [6], model-based methods (Equivalent
4
Circuit Model (ECM),etc.) [7], adoptive model-based methods (Kalman Filter (KF),
Extended Kalman filter(EKF), Recursive least square(RLS),etc.) [8] [9] [10] and ma-
chine learning algorithm and data deriving methods [11] [12].
One of the most common methods for estimating the SOC is Coulomb Counting
(CC) which is the ratio between the remaining charge of the battery over the full
capacity of the battery. Coulomb counting needs the initial SOC of the battery as well
as the capacity of the battery [2]. The initial SOC can be extracted from the OCV-
SOC characteristics of the battery [6]. For the adaptive model-based SOC estimation
the algorithm is consists of the following approach; the accurate battery model and
the OCV-SOC characterization are required where the SOC can be estimated through
the combination of the CC with a proper coefficient.
Apart from the initial SOC of the battery that is being used in Coulomb counting,
many other challenges and drawbacks can affect the Coulomb counting accuracy and
those have been listed as follows. First and foremost, the current is being measured
with a current sensor and the accuracy of that sensor will affect the Coulomb counting.
Further, the rectangular method of integration is being used in Coulomb counting and
it can cause some uncertainty as well. Additionally, our knowledge about the capacity
of the battery is limited to the value that we are getting from the manufacturer and we
can not be sure if it’s accurate enough or not. The last possible source of uncertainty
in Coulomb counting is the timing oscillator error. Analyzing all these sources of
uncertainty would give the Coulomb counting method more accuracy in terms of
estimation of SOC.
Practically speaking, numerous methods have been proposed in the literature.
Most of them estimate the battery states by analyzing the terminal voltage and
internal resistance, and these parameters are constantly changing unpredictably es-
pecially in EVs, and estimating those parameters can be problematic in a real-life
scenario. Changes in ambient temperature, charging/discharging rate, and SOH of
the battery can also affect these parameters [13]. Thus, using terminal voltage and
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internal resistance for SOC estimation can barely acquire accurate results [14]. Ad-
ditionally, in real commercial batteries, it would be difficult to estimate the SOC
without destroying the battery.
On the other hand, the Coulomb counting method is using a direct parameter to
estimate the SOC of the battery which is measured current. Having a direct parameter
(current) for estimating the SOC would provide more accurate results than using an
indirect parameter (terminal voltage and internal resistance). Having said that, there
are some losses in a battery during charging and discharging which can result in
the difference between the stored energy and the rated capacity and these losses are
happening due to the measurement drifts [15]. To overcome these measurement drifts,
there is a coefficient proposed in Coulomb counting called the Coulombic efficiency.
Estimating the Coulombic efficiency and re-calibrating it for different states of the
battery (charging and discharging) can beat the measurement drifts [13] [16].
Having any uncertainty in the SOC of a battery will increase the battery cell
temperature which can be used as an indicator for the error in the method of SOC
estimation [17]. Any increase in the temperature can be a result of the source of the
uncertainty in the battery packs. If the temperature rises within the predetermined
threshold, then the error happened because of the measurement drift, if not, then
the error happened as a result of the other sources of uncertainty like internal micro
short circuit [18].
The Coulombic efficiency is not only affected by the different state of the battery
but also it can change with different temperature and different current that is going
through the battery. Having said that, since Coulombic efficiency is effected by sets
of data (temperature, current, SOC), a machine learning or a data-driven method
can also be used for estimating the Coulombic efficiency to bring more accuracy to
Coulomb counting [19].
It’s important to notice that all the aforementioned methods for increasing the
accuracy of Coulomb counting in the literature are covering the measurement drifts.
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Neither of these methods is covering the other sources of uncertainty that might
affect Coulomb counting accuracy. Analysis of all the possible sources of uncertainty
in Coulomb counting is presented in this thesis.
1.3 Organization of the Thesis
This thesis is structured according to manuscript format instead of the traditional
format. The manuscript of each chapter consists of previously written and submit-
ted/published by the author. Chapter 2 of this thesis is included as written at the
time of its submission with minor revision and changes to format and order of the
content to preserve a consistent and organized structure of this thesis. As directed
by the manuscript format thesis, the abstract has been omitted from the chapter.
The author believes that the advantages of the chosen format will help readers to
comprehend the thinking process of the author as well as the progress that has been
made during the research and it will broaden the impact of the research along with
its contribution.
A traditional thesis widely consists of a general literature review followed by the
definition of the problem, however, based on the structure of the thesis, the author
has decided to forego these sections since a proper introduction along with a problem
definition has been presented in each chapters manuscript which serves the purpose
of introducing the research procedure to the readers. Including a general literature
review would bring unnecessary redundancy to the structure of this thesis since a
literature review is included inside of the main chapter.
The remainder of this thesis is organized as follows: Chapter 2 presents a critical
analysis of the Coulomb counting method for SOC estimation. It also provides a
thorough analysis of various sources of uncertainty in Coulomb counting followed by
the effect of each source along with the detailed procedure of the analysis. Further,
the verification of the analysis has been presented by using the simulation result of
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each source of uncertainty. Finally, chapter 3 concludes this thesis.
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Chapter 2
Performance Analysis of Coulomb
Counting Method
2.1 Introduction
Rechargeable batteries are becoming an integral part of the future energy strategy
of the globe. The use of rechargeable batteries are steadily on the rise in widespread
applications, including, electric and hybrid electric vehicles, household appliances,
robotics, power equipment, consumer electronics, aerospace, and renewable energy
storage systems. Accurate estimation of the state of charge (SOC) of a battery is
critical for the safe, efficient and reliable management of batteries [1–4].
There are two primary approaches to estimate the SOC of a battery: (i) voltage
based approach and (ii) current based approach. In its simplest form, the voltage
based approach serves as a table look-up method — the measured voltage across the
battery terminals is matched for its corresponding SOC in the OCV-SOC characteri-
zation curve [5]. Such voltage based approach requires the battery to be “rested” when
the voltage measurement was taken - in order to reduce the effect of hysteresis and
relaxation effects on the measured voltage. The current based approach, also known
as the Coulomb counting method, computes the amount of Coulombs added/removed
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from the battery in order to compute the SOC as a ratio between the remaining
Coulombs and the battery capacity that is assumed known. The Coulomb counting
approach is the focus of this thesis.
Coulomb counting is the simplest approach to estimate the SOC of the bat-
tery [6,7]. Assuming the knowledge of the initial SOC, the Coulomb counting meth-
ods computes the effective change in Coulombs in/out of the battery based on the
measured current and time in order to compute the updated SOC. The important
advantage of the Coulomb counting approach is that it does not require any prior
characterization such as the OCV-SOC characterizations required for the voltage-
based SOC estimation method. However, the Coulomb counting method can result
in SOC estimation error due to the following five factors:
1. Initial SOC. Coulomb counting approach assumes the knowledge of the initial
SOC before it starts counting Coulombs in and out of the battery based on the
measured current. Any error/uncertainty in the initial SOC will remains the
same throughout the Coulomb counting process.
2. Current measurement error. Current sensors are corrupted by varying mea-
surement noise [8, 9]; simple, inexpensive current sensors are likely to be more
noisy.
3. Current integration error. Coulomb counting methods employ a simple, rect-
angular approximation for current integration. Such an approximation results
in errors that increase with sampling during and variance in the load.
4. Uncertainty in the knowledge of battery capacity [10]. Coulomb counting method
assumes perfect knowledge of the battery capacity which is known to vary with
temperature, usage patterns and time [11,12].
5. Timing oscillator error. Timing oscillator provides the clock for (recursive)
SOC update, i.e., the measure of time comes from the timing oscillator. Any
12
error/drift in the timing oscillator will have an effect on the measured Coulombs.
In this thesis, we develop a mathematical model to theoretically compute the
accumulate SOC error as a result of current measurement error, current integration
approximation, battery capacity uncertainty, and timing oscillator error. The effect
of initial SOC error will remain the same throughout the Coulomb counting process,
as such it did not require any further analysis in this thesis.
The remainder of this thesis is organized as follows:
Section 2.2 formally introduces Coulomb counting and identifies the four different
error sources. The accumulate error in SOC due to current measurement error, current
integration approximation, battery capacity uncertainty, and timing oscillator drift
are derived and analyzed in Sections 2.3, 2.4, 2.5 and 2.6, respectively. A summary
of findings in this thesis are presented in Section 2.7 and the thesis is concluded in
Section 2.8.
List of Notations
Ctrue . . . . . . . . . True battery capacity (see (2.33))
Cbatt . . . . . . . . . Assumed battery capacity (2.1)
C∆ . . . . . . . . . . Battery capacity uncertainty (2.33)
δI(k) . . . . . . . . . Current integration error at time k (2.16)
∆k . . . . . . . . . . . Sampling duration at time k (2.3)
∆ . . . . . . . . . . . . Sampling time that is assumed constant (2.8)
η . . . . . . . . . . . . Timing error coefficient (2.49)
i(t) . . . . . . . . . . Current through battery at time t (2.1)
i(k) . . . . . . . . . . Sampled current through battery at time instant k (2.2)
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ni(k) . . . . . . . . . Current measurement noise (2.5)
κ . . . . . . . . . . . . Integration error constant (2.22)
ρi . . . . . . . . . . . . Current measurement noise coefficient (2.13)
ρI . . . . . . . . . . . . Current integration noise coefficient (2.29)
ρC . . . . . . . . . . . Capacity uncertainty coefficient (2.46)
s(t) . . . . . . . . . . SOC at time t (2.1)
s(0) . . . . . . . . . . Initial SOC (2.1)
s(k) . . . . . . . . . . SOC at discretized time instance k (2.2)
sCC(n) . . . . . . . Change in SOC over a n samples (2.10)
σi . . . . . . . . . . . . Std. deviation of current measurement error (2.6)
σL . . . . . . . . . . . Std. deviation of load current changes (2.19)
σbatt . . . . . . . . . Std. deviation of battery capacity uncertainty (2.34)
σs,i(n) . . . . . . . . Std. deviation of wi(n) (2.11)
σs,I(n) . . . . . . . Std. deviation of wI(n) (2.27)
σs,C(n) . . . . . . . Std. deviation of wC(n) (2.44)
wi(n) . . . . . . . . SOC error due to current measurement error (2.10)
wI(n) . . . . . . . . SOC error due to current integration error (2.26)
wC(n) . . . . . . . . SOC error due to battery capacity uncertainty (2.40)
w∆(n) . . . . . . . SOC error due to timing oscillator uncertainty (2.51)
zi(k) . . . . . . . . . Measured current at time k (2.5)
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2.2 Problem Definition
The traditional Coulomb counting equation to compute the state of charge (SOC) of
the battery at time t is given below [6]






where the unit of time t is in seconds, s(t) denotes the SOC at time t, s(0) denotes
the initial SOC at time t = 0, i(t) is the current in Ampere (A) through the battery
at time t, and Cbatt is the battery capacity in Ampere hours (Ah). There are different
approaches to compute the initial SOC s(0); the error/uncertainty involved in com-
puting s(0) will remain the same for any value of t. In this thesis, we do not delve in
to the error associated with computing s(0) and assume that s(0) is perfectly known.
The Coulomb counting equation (2.1) is written in continuous-time domain. Con-
sidering that i(t) is not mathematically defined, a discretized Coulomb counting form
needs to be adopted in order to perform the integration of (2.1). Widely adopted
version of the discrete-time, recursive Coulomb counting equation is given below





where s(k) is the SOC of the battery at time k, i(k) is the measured current at time
k, and dk is the time increment between the instances k and k+1. By approximating
the integration in (2.2) using a rectangular method as
∫ k
k−1
i(k)dk ≈ ∆ki(k) (2.3)
where ∆k = t(k)−t(k−1) is the sampling duration between two adjacent samples, the
widely known form of the Coulomb counting equation can be written as follows [6,7]




The Coulomb counting equation (2.4) is only approximate due to the following
sources of errors:
1. Current i(k) measurement error.
2. Error due to the approximation of the integration in (2.3)
3. Uncertainty in the knowledge of battery capacity Cbatt
4. The error in the measure of sampling time ∆
In the four sections of this thesis, we mathematically quantify the effect of the above
four sources of error in the computed SOC s(k) in (2.4). In each section, simulation
examples are employed to verify the mathematically derived error quantities.
2.3 Effect of Current Measurement Error
2.3.1 Theory
The current through the battery is measured using a current sensor that is prone to
be erroneous. The measured current zi(k) can be modeled as follows
zi(k) = i(k) + ni(k) (2.5)
where i(k) is the true current though the battery and ni(k) is the current measurement




Let us substitute the measured current (2.5) in (2.4) and re-write the Coulomb
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counting equation that considers the current measurement error as follows











Now, assuming that the sampling time is perfectly known and fixed as
∆ , ∆k (2.8)
the SOC at time step k = 1, 2, . . . can be written as,
s(0) = initial SOC estimation



















Considering n consecutive samples, the SOC at time k = n can be shown to be














= s(0) + sCC(n) + wi(n) (2.10)
i.e., the SOC at time n can be written as the summation of
1. Initial SOC at time k = 0
2. Change in SOC from time k = 1 until the time k = n
3. The resulting error in SOC, wi(n), due to current measurement error ni(k)
during k = 1, 2, . . . , n
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Now, it can be easily verified that the SOC error wi(n) has the following properties
E{wi(n)} = 0





It can be noted that as n → ∞, the noise variance of the computed SOC error also
approaches infinity. Let us write the SOC noise due to current measurement error in







where the ratio between the measurement noise standard deviation and battery ca-






It must be noted that since the SOC s(n) is defined within [0, 1]. However, SOC is
usually displayed in percentage. As such, the standard deviation of the SOC error in
(2.12) is given in percentage as follows






Table 2.1 shows the standard deviation (s.d.) in the SOC error due to current
measurement error for different sampling intervals over different durations of time
under the above assumptions. Here it is assumed that the battery capacity is Cbatt =
1.5 Ah and the current measurement error standard deviation is σi = 10 mA.
It must be noted that the SOC error shown in Table 2.1 is computed assuming zero
uncertainties in all the other sources of error (integration, capacity, timing oscillator)
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Table 2.1: SOC error s.d. (%) due to current measurement error
1 hour 24 hours 1 year
∆ = 0.1 s 0.0035 0.0172 0.3289
∆ = 1 s 0.0111 0.0544 1.0399
∆ = 10 s 0.0351 0.1721 3.2886
and the initial SOC s(0).
The variance of the SOC error (2.14) due to current measurement error keeps
increasing with time. As such, we denote this as a time-cumulative error. For time-
cumulative errors, the standard deviation of the error keeps increasing with time – if
it is not reset, it will completely corrupt the estimated SOC. A possible approach to
reduce time-cumulaitive error is by resetting the Coulomb count to s(k) = s(0) once
in a while. Considering that the reset value of SOC also comes with errors (that is not
considered in this thesis) it is important to select an instant where the uncertainty in
the reset SOC will be smaller than the uncertainty derived in (2.14).
2.3.2 Numerical Analysis
The objective in this section is to validate — using a Monte-Carlo simulation approach
— the standard deviation of the SOC error due to current measurement error that
was derived in (2.14). For this experiment, errors from all the other possible sources of
uncertainties (current integration error, battery capacity uncertainty, timing oscillator
error as well as initial SOC error) are assumed to be zero. In order to do this, a special
current profile that is shown in Figure 2.3 is created. For this profile, the amount
of Coulombs can be perfectly computed using geometry. Once the Coulombs are
computed, the true SOC can be computed by making use of the knowledge of the
true battery capacity and other noise-free quantities. The following procedure details
the Monte-Carlo experiment:
a. Generate a perfectly integrable current profile, similar to the one shown in
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Figure 2.3. The generated current profile denotes i(k) in (2.5).
– First 40 seconds of the true current profile generated for the experiment is shown
Figure 2.4.
b. Compute the true SOC at time k, strue(k), using the Geometric approach il-
lustrated Figure 2.3 for the entire duration of the profile, i..e, for k = 1, . . . , n
where n denotes the number of samples in the entire current profile.
c. Set m = 1 where m denotes the index of the Monte-Carlo run.
d. Generate current measurement noise ni(k) as a zero-mean Gaussian noise with
standard deviation σi = 10 mA. Using this, generate the measured current
profile zi(k) = i(k) + ni(k).
– Figure 2.4 shows the true current profile i(k) along with the measured current
profile zi(k) for a duration of 40 seconds.
e. Compute the (noisy) SOC sm(k) using traditional Coulomb counting equation
given in (2.7), i.e.,
sm(k) = sm(k − 1) +
∆kzi(k)
3600Cbatt
where the subscript m denotes the mth Monte-Carlo run.
– Figure 2.5 shows the true SOC strue(k) and the computed noisy SOC sm(k).
The top plot (a) shows the SOC at the start of the current profile and the plot
(b) at the bottom shows the SOC towards the end of applying 3.5 hours of load
profile.
f. If m = M , where M denotes the maximum number of Monte-Carlo runs, go to
step g); otherwise, set m← m+ 1 and go to step d)
g. End of simulation (all the data generated during the above steps needs to be
stored for analysis).
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After M = 1000 Monte-Carlo runs, the standard deviation of the SOC error due to







Figure 2.6 shows the standard deviation of the SOC error computed using the the-
oretical formula (2.14) and the standard deviation of the SOC error computed using
the Monte-Carlo method detailed in (2.15). As expected, the theoretical derivation
matches with the SOC error standard deviation obtained through 1000 Monte-Carlo
simulations.
Figure 2.3: Generic illustration to computing the true amount of Coulombs.
Computing true Coulombs is challenging. Here, we assume the true current to take
the above pattern; under this assumption Total Coulombs = A1 +A2 +A3 +A4 +A5.
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Figure 2.4: Current measurement error. True vs. measured current that was sim-
ulated by assuming a current measurement error standard deviation of σi = 10 mA.
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(a) Start of load profile

















(b) End of the load profile in 3.5 hours
Figure 2.5: Effect of current measurement error in SOC. (a) At the start of
the experiment, the true SOC and the computed SOC through Coulomb counting
are nearly identical. (b) Within 3.5 hours, the true SOC and the computed SOC
are slightly different. Simulation Parameters: current measurement error s.d. σi =
10 mA and sampling time ∆ = 200 ms.
23




























Figure 2.6: Standard deviation of the SOC error due to current measure-
ment error. Simulated value is plotted in comparison with the theoretical value
derived in (2.14) shown again time that corresponds to n.
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2.4 Effect of Approximating Current Integration
2.4.1 Theory
The Coulomb counting approach summarized in the previous section approximates
the integration of current over time using a simple first-order (rectangular) approxi-
mation (see (2.3)). A generic rectangular approximation to integration is illustrated in
Figure 2.7. For such rectangular approximation, the integration error δI(k) is defined










The nature of the integration error δI(k) is of specific interest. It can be ob-
served that, for rectangular approximation, the integration error is proportional to
the sampling duration ∆ [13], i.e.,
δI(k) ∝ ∆ (2.17)
Further, the integration error is proportional to the the difference in the adjacent
samples of measured current, i.e.,
δI(k) ∝ i(k)− i(k − 1) (2.18)
Since, i(k)− i(k− 1) in (2.18) is a time varying quantity, we can approximately write
δI(k) ∝ σL (2.19)
where σL is the standard deviation of the load (or charging) current (e.g., if the
current is constant then σL = 0 and so is the integration error). In addition, the sign
25
Figure 2.7: A generic illustration of the current integration error. The in-
tegration error δI(k) is shown in shade. It can be noticed that the integration error
can be both positive and negative – the dark shade indicates positive error and the
light shade indicates negative error. Based on this observation, the integration error
is assumed to be zero-mean.
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of the integration error is both positive and negative when there is variance in the
magnitude of the current i(k) – see Figure 2.7 for an illustration on this. Using this
observation we can write
E{δI(k)} ≈ 0 (2.20)
That is, considering a large number of samples, we can assume the error due to the
rectangular approximation of current-integration to be zero-mean.










where κ is a constant, ∆ is the sampling time, and σL is the variance in the load
current.
Figure 2.8 shows two different load current profiles from practical applications. It
support the assumption made in (2.18) that the differential current i(k)− i(k− 1) is
zero mean.
By following the same approach of Section 2.3, we can write the computed SOC
27






























(a) Smart Phone, σL = 0.1673 A,Cbatt = 1.5Ah

























(b) Electric Vehicle, σL = 8.6917 A,Cbatt ≈ 250Ah
Figure 2.8: Realistic load. In both (a) and (b), the top plot shows the variance in
typical load profile in Amperes and the plot at the bottom shows the magnitude of
the current variance as a histogram [14].
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in recursive form as











where the integration error is incorporated based on (2.16).
Now, let us write the SOC at time step k = 0, 1, 2 . . . as
s(0) = initial SOC estimation




















Considering n consecutive samples, the computed SOC at time k = n, can be shown
to be














= s(0) + sCC(n) + wI(n) (2.26)
where wI(n) is SOC error due to the approximation of integration.
It can be noted that the SOC error due to integration has the following properties
E{wI(n)} = 0

















Considering that the SOC s(n) is defined within [0, 1], the standard deviation
of the SOC in (2.27) ranges between σs,I(n) ∈ [0, 1]. Usually, SOC is displayed
in percentage. As such, the standard deviation of the SOC error in (2.28) can be
displayed in percentage as follows





Now, let us make some realistic assumptions in order to simplify the above ex-
pression further. Based on the data shown in Figure 2.8, we have
ρI =
 0.1115 Smart Phone0.0348 Electric Vehicle (2.31)
Table 2.2 and Table 2.3 show the computed SOC error standard deviation due
to the current integration error for different sampling intervals over longer periods of
time. These two tables are made based on the values shown in (2.31) and by assuming
κ = 1.
2.4.2 Numerical Analysis
The objective in this section is to validate the standard deviation of the SOC error
due to integration that we derived in (2.28). For this experiment, errors from all the
other possible sources of uncertainties (current measurement error, battery capacity
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Table 2.2: S.D. of SOC Error (%) - Smart Phone Data
1 hour 24 hours 1 year
∆ = 0.1 s 0.0588 0.2879 5.5002
∆ = 1 s 0.1858 0.9104 17.3930
∆ = 10 s 0.5877 2.8789 55.0016
Table 2.3: S.D. of SOC Error (%) - EV Data
1 hour 24 hours 1 year
∆ = 0.1 s 0.0183 0.0899 1.7166
∆ = 1 s 0.0580 0.2841 5.4285
∆ = 10 s 0.1834 0.8985 17.1664
error, timing oscillator error as well as initial SOC error) are assumed to be zero. In
order to do this, similar to previous analysis, a special current profile that is shown in
Figure 2.9 that is made of constant current signals of different amplitudes. For this
profile, the amount of Coulombs can be perfectly computed using geometry similar
to the example illustrated in Figure 2.3. Once the Coulombs are computed, the true
SOC can be computed by making use of the knowledge of the true battery capacity.
The following procedure details the Monte-Carlo experiment to validate the standard
deviation of the SOC error due current integration error:




i(k)dk shown in (2.16).
– First 18 seconds of the noiseless current profile i(k) is shown in red Figure 2.9.
Note that the true current profile is the downsampled version — this emulates
the fact that discretely measured current is always a downsampled version and
it will never be the same as the real current (shown in blue). First four minutes
of the current profile along with the true SOC (assuming initial SOC =1) is
shown in Figure 2.10.
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b. Let the true battery capacity to be Ctrue = 1.5 Ah.
c. Assuming the knowledge of the true capacity, compute the true SOC at time
k, strue(k), using the geometric approach illustrated Figure 2.3 for the entire
duration of the profile, i..e, for k = 1, . . . , n where n denotes the number of
samples in the entire current profile.
– The second plot in Figure 2.10 shows the true SOC.
d. Set m = 1 where m denotes the index of the Monte-Carlo run.
e. Compute the (noisy) SOC sm(k) using traditional Coulomb counting equation
given in (2.7), i.e.,
sm(k) = sm(k − 1) +
∆ki(k)
3600Cbatt
where i(k) are the ‘measured current’ indicated by red lines in Figure 2.9, and
the subscript m denotes the mth Monte-Carlo run.
f. If m = M , where M denotes the maximum number of Monte-Carlo runs, go to
step g); otherwise, set m← m+ 1 and go to step e)
g. End of simulation (all the data generated during the above steps needs to be
stored for analysis).
After M = 1000 Monte-Carlo runs, the standard deviation of the SOC error due to







Figure 2.11 shows the standard deviations of error computed through the theoret-
ical approach, σs,I(n) in (2.30), and through the Monte-Carlo simulation approach,
σ̂s,I(k) (2.32). The constant κ for the theoretical approach in (2.30) is found to be
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κ = 0.88 through empirical means (i.e., different values for κ was used until the theo-
retical curve in red aligned well with the simulation curve in blue). It must be noted
that κ will be different for different current profiles.






















Figure 2.9: Perfectly integrable current profile. The blue curve shows a perfectly
integrable current that is made of rectangular pulses of different amplitude; it can be
integrated using the geometric approach detailed in Figure 2.3. The measured current,
shown in red, is a downsampled version of the true current profile – this emulates the
way in which discrete measurement systems measure the voltage/current in BMS.
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Figure 2.10: Current profile and corresponding SOC. First four minutes of
the true current profile and the corresponding true SOC that is computed using the
geometric approach detailed in Figure 2.3. Only 4 minutes of profiles are shown; true
profile lasted for 4 hours (see Figure 2.11).
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Figure 2.11: The Standard deviation of SOC error due to current integration
error. The red curve is the theoretical value of the s.d. σs,I(k) derived in (2.30); the
blue curve shows σ̂s,I(k), the s.d. obtained through Monte-Carlo simulation as shown
in (2.32). The constant κ is computed through empirical methods to be κ = .88. It
must be noted that κ varies for different types of current profiles.
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2.5 Effect of the Uncertainty in Battery Capacity
2.5.1 Theory
Battery capacity is the amount of coulombs that can be charged to (or discharged
from) the battery. The battery capacity fades over time [15] and the rate of capacity
fade depends on calendar life as well as environmental and usage patterns the battery
has experienced over long periods of time [16]. Thus, true value of the battery capacity
Cbatt is not precisely known. Usually a measure of the battery capacity, denoted Cbatt,
is used to estimate the battery SOC. Such a capacity measure is not exact and it
relates to the true battery capacity as follows
Cbatt = Ctrue + C∆ (2.33)
where C∆ represents the uncertainty in the knowledge about the true battery capacity
Ctrue. For instance, it was argued in [10] that this uncertainty can be modeled as a
zero-mean Gaussian distribution, i.e.,
C∆ ∼ N (0, σ2batt) (2.34)
where σbatt is the standard deviation of the capacity estimation error.
The first order Taylor series approximation of a function f(x) around a point x0
is given by
f(x) = f(x0) + (x− x0)∆f ′(x0) (2.35)
using the above Taylor series approximation and the relationship (2.33) the inverse









With the above approximation to the inverse capacity, let us re-write the Coulomb
counting equation as follows





















Now, SOC at time step k = 0, 1, 2, . . . can be written as
s(0) = initial SOC estimation














− C∆∆[i(1) + i(2)]
3600C2true
(2.39)
Considering n consecutive samples the computed SOC at time k = n, can be shown
to be













= s(0) + sCC(n) + wC(n) (2.40)
where wC(n) is the SOC error due to the uncertainty in battery capacity. Let us
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Now, we can write the following about the SOC error wC(n) due to the uncertainty
in the knowledge of the battery capacity
E{wC(n)} = 0 (2.43)
















In the next subsection we will employ Monte-Carlo simulations to verify the s.d.
of SOC error due to battery capacity uncertainty that we derived in (2.44).
2.5.2 Numerical Analysis
The objective in this section is to validate the standard deviation of the SOC error
due to battery capacity uncertainty that we derived in (2.44) using Monte-Carlo
simulation approach. For this experiment, errors from all the other possible sources of
uncertainties (current measurement error, current integration error, timing oscillator
error as well as initial SOC error) are assumed to be zero. In order to do this, similar
to previous analysis, a special current profile that is shown in Figure 2.12 is created.
The current profile in Figure 2.12 is made of low frequency (constant current) signals
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of different amplitudes. For this profile, the amount of Coulombs can be perfectly
computed using geometry similar to the example illustrated in Figure 2.3. Once
the Coulombs are computed, the true SOC can be computed by making use of the
knowledge of the true battery capacity. The following procedure is followed to perform
the Monte-Carlo experiment to validate the standard deviation of the SOC error due
to uncertainty in battery capacity:
a. Generate a perfectly integrable current where the generated current profile de-
notes i(k) in (2.5).
– The entire true current profile generated for the experiment is shown at the top
plot Figure 2.12.
b. Let the true battery capacity to be Ctrue = 1.5 Ah.
c. Assuming the knowledge of the true capacity, compute the true SOC at time
k, strue(k), using the geometric approach illustrated Figure 2.3 for the entire
duration of the profile, i..e, for k = 1, . . . , n where n denotes the number of
samples in the entire current profile.
– The second plot in Figure 2.12 shows the accumulated Coulombs sCC(n). From
this, the true SOC can be computed as strue(n) = s(0) + sCC(n).
d. Set m = 1 where m denotes the index of the Monte-Carlo run.
e. Assuming capacity estimation error s.d. of σbatt = 0.1 Ah use the capacity
uncertainty model of (2.33) to compute the estimate battery capacity Cbatt =
Ctrue + C∆ where is a zero-mean random number with standard deviation σbatt.
– Figure 2.13 shows all the Cbatt values generated for m = 1, . . . ,M in the form
of a histogram.
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f. Compute the (noisy) SOC sm(k) using traditional Coulomb counting equation
given in (2.7), i.e.,
sm(k) = sm(k − 1) +
∆ki(k)
3600Cbatt
where the subscript m denotes the mth Monte-Carlo run.
– Figure 2.14 shows the true SOC strue(k) and the computed noisy SOC sm(k)
for different Monte-Carlo runs.
g. If m = M , where M denotes the maximum number of Monte-Carlo runs, go to
step h); otherwise, set m← m+ 1 and go to step e)
h. End of simulation (all the data generated during the above steps needs to be
stored for analysis).
After M = 1000 Monte-Carlo runs, the standard deviation of the SOC error due to







Figure 2.15 shows the SOC error standard deviation obtained through the theo-
retical equation (2.44) as well as the Monte-Carlo simulation approach summarized
through (2.47). It can be noticed that the theoretical value and the simulated values
slightly differ — this can be attributed to the approximation made in (2.36) in order
to derive the theoretical value.
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Figure 2.12: Simulated current profile and corresponding true SOC. This
figure is showing the difference between the true SOC and the SOC with battery
capacity uncertainty after 100 runs of Monte Carlo.
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Battery Capacity Uncertainty (C
true
 = 1.5 Ah)
Figure 2.13: The histogram of Cbatt generated during 1000 Monte Carlo simula-
tions. This graph is showing that the battery capacity error that we are using in our
Monte Carlo runs is reasonable.
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Figure 2.14: SOC error due to battery capacity uncertainty. This figure is
showing the difference between the true SOC and the SOC with battery capacity
uncertainty for different simulation. The true SOC is computed using the true battery
capacity of Ctrue = 1.5 Ah; Each Monte Carlo run assumes a different battery Cbatt
that is distributed N(Ctrue, σ
2
batt). Figure 2.13 all the Cbatt during different runs.
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Figure 2.15: The Standard deviation of SOC error due to battery capacity
uncertainty. The red curve is the theoretical value of the s.d. σs,C(k) derived in
(2.44); the blue curve shows σ̂s,C(k), the s.d. obtained through Monte-Carlo simula-
tion as shown in (2.47). Due to the approximation made in (2.36), the theoretical
and simulated values slightly differ.
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2.6 Effect of the Uncertainty in Timing Oscillator
2.6.1 Theory
The timing oscillator Hence, for this approach we have
∆ = ∆true + ∆ε (2.48)
where ∆ε is the timing oscillator error which is not a random parameter. The timing
oscillator error ∆ε acts like a bias — we consider it to be a constant over long periods





Let us assume that a timing oscillator is off by three minutes in one month (30 days);




= 6.9444× 10−5 ≈ 69× 10−6 (2.50)
Using (2.48) in main Coulomb counting equation (2.4) we have

















= s(0) + sCC(n) + w∆(n) (2.51)
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Assuming that the initial SOC s(0) is zero, it can be said that
0 ≤ sCC(n) ≤ 1 (2.53)
Hence, the SOC error varies between
0 ≤ w∆(n) ≤ η (2.54)
Considering that η is a very small number, see (2.50), the error in SOC due to timing
oscillator error can be considered to be negligible.
2.6.2 Numerical Analysis
Considering that the timing oscillation error is very small, it is decided not to do
a simulation analysis for this. Further, the experiment will be very similar to the
analysis presented in Section 2.5.
2.7 Summary
In this thesis, we present a critical look at Coulomb counting method that is em-
ployed to estimate the state of charge of a battery. The Coulomb counting approach
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where i(t) is the instantaneous current through the battery and Cbatt is the battery
capacity in Ampere hours. That is, the present SOC is the summation of initial SOC
and the change in SOC that is computed through the above integration. The SOC
can be approximately computed in a recursive manner as follows








+ sCC(n)︸ ︷︷ ︸
change in SOC
where s(k) denotes the SOC at time instance k, i(k) is the measured current at time
instance k, and ∆ is the sampling time in seconds. That is, the SOC at time n is the
summation of the initial SOC s(0) and the accumulated SOC sCC from time n = 0
until n.
In this thesis we showed that the above (discrete) recursive approximation to com-
puting SOC suffers from four sources of error: current measurement error, current
integration error, battery capacity uncertainty and the timing oscillator error. Par-
ticularly, we computed the exact amount of resulting SOC uncertainty as a result of
the above four types of errors. Those results are
A. Current measurement error: Considering that the current measurement error
is zero-mean with standard deviation σi, the computed SOC at time n can be
written as
s(n) = s(0) + sCC(n) + wi(n)
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where s(0) is the initial SOC and sCC(n) is the accumulated SOC from the








It must be noted that the variance of the Coulomb counting error due to current
measurement noise is accumulative with time. As the time increases, i.e., n →
∞, so does the standard deviation of the SOC error.
B. Current integration error: Considering that the current integration is approxi-
mated using a rectangular method, the resulting approximation error is shown
to be zero-mean with standard deviation σI. As a result, the computed SOC at
time n can be written as
s(n) = s(0) + sCC(n) + wI(n)






Once again, it can be noticed that the variance of the Coulomb counting error
due to current integration approximation error is accumulative with time.
C. Uncertainty in the knowledge of battery capacity: Considering that the uncer-
tainty in the knowledge of battery capacity is zero-mean with standard deviation
σ2batt, the SOC at time n is derived as
s(n) = s(0) + sCC(n) + wC(n)
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where ρC is defined as the capacity uncertainty coefficient. It must be noted
that the variance of the capacity uncertainty error is not accumulative with time,
rather, it is proportional to the accumulated SOC sCC(n) ∈ [0, 1]. In other words
the SOC error due to uncertainty in the knowledge of battery capacity, wC(n),
alternates between zero and ρC.
However, depending on the value of ρC (the ratio between the s.d. of the un-
certainty and the assumed battery Capacity Cbatt) the error could be anywhere
between zero and 100%. For example, let us assume that ρC = 0.1 and let us
assume that the computed SOC at time n is s(n) = 40%. The standard devia-
tion of the uncertainty in the computed s(n) is 0.1s(n) = 0.1× 40 = 4%. That
is, the true SOC can be anywhere between 32% and 48% with 95% confidence.
This can be extended to different levels of confidence as follows:
Where true SOC is? Confidence
36%− 44% 68 %
32%− 48% 95 %
28%− 52% 99.7 %
It must be re-emphasize that, out of all four types of errors, the uncertainty in
the knowledge of the battery capacity is the largest and most significant one.
D. Timing oscillator error: Considering an error of η (ratio of clocked time vs.
true time) in the timing oscillator, the SOC at time n is derived as
s(n) = s(0) + sCC(n) + w∆(n)
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where the SOC error w∆(n) is not a random value; rather, w∆(n) is a deter-
ministic value given by
w∆(n) = ηsCC(n)
and, similar to the error due to capacity uncertainty, w∆(n) is not accumulative
with time and it is proportional to the accumulated SOC. Further, it is shown
that practical value of η is very small number. For example, a timing oscillator
that is slower (or faster) by 3 minutes in a month has η = 69 × 10−6. Hence,
the contribution of timing oscillator error can be considered to be negligible in
the computed SOC.
In summary, the resulting four types of error can be grouped into two categories:
time-accumulative and SOC-proportional. The SOC errors due to current measure-
ment error and integration approximation fall under the category of time accumulative
errors. The SOC errors due to the uncertainty in battery capacity and timing oscil-
lator error fall under the category of time SOC-proportional errors. Next, we briefly
discuss the nature of these errors and possible ways to mitigate them.
Mitigating Time-Accumulative Errors
The following strategies can be looked at to reduce time-accumulative errors.
 Over sampling. It can be noted that both σs,i(n) and σs,I(n), in (2.55) and
(2.56), respectively, are proportional to ∆
√


















Now, one must realize that the integration error coefficient ρI reduces with
oversampling, i.e., as ∆ decreases so does ρI. However, the current measurement
noise coefficient is unaffected by sampling time. The conclusion is that both
σs,i(n) and σs,I(n) reduce with higher sampling rate — however, σs,I(n) reduces
at a higher rate compared to σs,i(n) with oversampling.
 Reinitialization. Time-accumulative errors increase with time. Hence, the ac-
cumulation of error can be prevented by re-initializing the SOC intermittently.
For example, the SOC can be reset by OCV-lookup method [11, 12] where the
measured voltage across the battery terminals is used on the OCV-SOC char-
acterization curve in order to find the OCV — the OCV lookup can be done
only when the battery is at rest.
Mitigating SOC-Proportional Errors
Here, the SOC error is shown to be a fraction of the accumulated SOC over time.
Intermittent re-initialization — within a single charge-discharge cycle — will help to
minimize this error. However, in most practical cases, there wont be much opportu-
nities (a rested battery) for frequent reset within a single cycle. The knowledge of
the uncertainty in battery capacity σbatt will be very useful in the SOC error man-
agement. For example, if it is known that σbatt is significantly high, then the SOC
can be computed solely based on the voltage approach.
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2.8 Conclusions and Discussions
In this thesis, we developed an in-depth mathematical analysis of Coulomb count-
ing method for state of charge estimation in rechargeable batteries. Particularly, we
derived the exact statistical values of the SOC error as a result of (i) current mea-
surement error, (ii) current integration error, (iii) battery capacity uncertainty, and
(iv) timing oscillator error. It was shown that the SOC error due to current mea-
surement error and current integration error grow with time whereas the SOC error
due to battery capacity uncertainty and timing oscillator error are proportional to
the accumulated SOC that ranges between 0 and 1.
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[15] A. Barré, B. Deguilhem, S. Grolleau, M. Gérard, F. Suard, and D. Riu, “A
review on lithium-ion battery ageing mechanisms and estimations for automotive
applications,” Journal of Power Sources, vol. 241, pp. 680–689, 2013. pages 36
[16] R. Spotnitz, “Simulation of capacity fade in lithium-ion batteries,” Journal of




This thesis is included analyzing all the probable uncertainties of Coulomb counting
since it is the paramount and common method for state of charge (SOC) estimation
in rechargeable batteries. The first chapter is an introduction to the battery man-
agement system (BMS) along with an explanation of each component of the BMS
followed by a brief literature review on the topic of the thesis.
Chapter 2 introduced a critical analysis of all possible uncertainties in Coulomb
counting. In this chapter, techniques to mitigate each source of uncertainty was
introduced. The exact statistical result of each source of SOC error by doing Coulomb
counting in the different realistic scenarios was also introduced in this chapter. In this
chapter, all the possible sources of uncertainty in Coulomb counting were analyzed
which are (i) current measurement error, (ii) current integration error, (iii) battery
capacity uncertainty, and (iv) timing oscillator error All the mentioned uncertainty
can be classified based on the nature of each uncertainty into two main categories.
It can be either accumulated over a long period of time (Time-Accumulative) or it
can affect one cycle of SOC (SOC-Proportional). It explained that how re-initializing
the Coulomb counting and using the higher sampling rate in Time-Accumulative
can help to reduce the error. Furthermore, employing another approach in SOC-
Proportional can be very useful in the SOC error management. A simulation analysis
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was introduced in order to verify the proposed approach for various realistic scenarios.
As of possible future work, analyzing all the uncertainties of Coulomb counting
is a challenge in electric vehicle (EV) industries, and using an EV’s current profile
would bring a higher perspective into the content in terms of more accuracy. A critical
analysis of Coulomb counting with urban dynamo-meter drive schedules (UDDS) as
a current profile can be further developed to demonstrate the accuracy of Coulomb
counting in a real-world current profile. In addition to all that, developing an adaptive
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